Current methods for visual inspection of cast metal surfaces are variable in both terms of repeatability and reproducibility. Because of this variation in the inspection methods, extra finishing operations are often prescribed; much of this is over processing in attempt to avoid rework or customer rejection. Additionally, defective castings may pass inspection and be delivered to the customer. Given the importance of ensuring that customers receive high-quality castings, this article analyzes and quantifies the probability of Type I and II errors, where a Type I error is a false alarm, and a Type II error misses a present defect. A probabilistic model frequently used in risk analysis, called an influence diagram, is developed to incorporate different factors impacting the chances of Type I and II errors. These factors include: training for inspectors, the type of judgment used during the inspection process, the percentage of defective castings, environmental conditions, and the inspectors' capabilities. The model is populated with inputs based on prior experimentation and the authors' expertise. The influence diagram calculates the probability of a Type I error at 0.35 and the probability of a Type II error at 0.40. These results are compared to a naïve Bayes model. A manufacturer can use this analysis to identify factors in its foundry that could reduce the probability of errors. Even under the best-case scenario, the probability of Type I error is 0.18 and the probability of Type II error is 0.30 for visual inspection. This indicates improvements to the inspection process for cast metal surfaces is required. foundry that could reduce the probability of errors. Even under the best-case scenario, the 25 probability of Type I error is 0.18 and the probability of Type II error is 0.30 for visual inspection. 26
I. INTRODUCTION 32
Inspecting parts to meet quality standards is important for meeting customer needs. In 33 metal casting, current standards use qualitative methods to determine acceptability of surface 34 quality. The inspection process involves one or more trained operators to visually examine the 35 surface to determine if the part is acceptable. Variation exists among interpretation of the standard 36 not only in relation to the repeatability and reproducibility of the inspection process, but also in 37 regards to interpretations between the manufacturer and the customer. The variability in the casting 38 process itself is often less than that of the visual inspection process [1] . This stack-up in variation 39 results in inconsistencies in acceptance criteria and increases the occurrence of Type I and II errors. 40
A Type I error, also known as a false alarm, occurs when a defect is identified on the casting 41 although no defect is present. Type II errors, or misses, occur when a casting passes inspection 42 with a defect present. Although the determination of Type I and II errors is in itself subjective, 43 6
The abnormalities represented are similar to the MSS method. This standard is the most widely 115 used standard in the U.S. steel casting industry. For the surface inspection process, inspectors 116 compare the image or comparator associated with the surface specification to surface 117 characteristics (abnormalities and roughness) of the casting. They then judge whether the surface 118 characteristics fall below the threshold established by the plates. If the surface characteristics 119 exceed the threshold, the part is rejected. 120
The ACI Surface Indicator evaluates "general smoothness, height and depth of 121 irregularities extending beyond the range of general variations, and frequency and distribution of 122 such irregularities" [12] . Designations SIS-1 through SIS-4 correspond to the root mean square 123 (RMS) average deviation in micro-inches. The standard also specifies criteria for the height and 124 frequency of surface abnormalities. Inspection is executed similarly to the two standards 125 mentioned previously. 126
Less widely used than the other methods is the GAR C9 Comparator. Comparator swatches 127 (each 12 x 36 mm) quantify the surface roughness based on root mean square (RMS) values in 128 micro-inches. No abnormalities are defined in this standard. In addition to a visual examination, 129 inspectors are instructed to "draw the tip of the fingernail across each surface at right angles" to 130 match the texture of the inspected part [13] . 131
Inspectors compare the surface of the casting to the appropriate standard in order to make 132 the determination of whether or not the surface is acceptable. Regardless of the standard, inspectors 133 should be trained in the applicable standard and have access to documentation to determine the 134 acceptability of a part. Training should be ongoing to ensure inspectors remain calibrated [14] . 135
Additionally, any errors identified downstream should be fed back to the inspector as soon as 136 possible to reduce the likelihood of future occurrences [15] . Although these measures are in placeto combat errors, the current standards lack robustness as they can be interpreted differently 138 between people, rely on inspectors' sensory capabilities, and lack definition regarding rarely 139 occurring abnormalities and their distribution over the surface. As long as there is a human element 140 involved in the inspection process, various factors can affect their performance, which risk 141 inaccurately determining whether or not a surface is acceptable. A digital standard is under 142 development, which can be used to verify inspectors' judgments per customer requirements [16] . 143
This will also lay the groundwork for more quantitative specifications for cast metal surfaces in 144 the future, which would be an ideal method by reducing the human element and subjectivity of 145
inspection. 146
While machine vision is readily applied for some casting surface inspection tasks, it is 147 limited to a range of defects in certain areas. For example, online vision systems are used to detect 148 defects on flat surfaces [17] and to match morphological features on a part surface to a database 149 of similar geometrical defects [18] . However, this is not feasible for many castings as their 150 geometries are complex and their defects are inconsistently shaped or located. A vision system 151 would require that the orientation of the component is known, which would be time consuming 152 and costly for the large variety of shapes produced in small quantities. Additionally, cleaning and 153 maintenance of vision systems in a steel foundry would be a further disadvantage. Other methods 154 compare the casting to a CAD model to identify defects [19] , but these geometries may be in 155 tolerance but differ from the perfect nominal due to inherent process variation. Thus, visual 156 inspection methods are preferred for the several in-process inspection steps of a wide variety of 157 castings within the production facility. to each other and to the final outcome via conditional probabilities. Decisions can also be included 164 in the influence diagram where a decision maker can understand how the probability of an outcome 165 is influenced by each alternative [5] . For example, Fig. 1 depicts an influence diagram using Netica 166 software where B is an uncertain outcome with two possible outcomes b1 and b2 (with 167 probabilities 17.5% and 82.5%, respectively), A is an uncertain factor with two possible states a1 168 and a2 (with probabilities 25% and 75%, respectively), and D is a decision with two alternatives 169 d1 and d2. The arrows in the model show that the uncertainty in B is conditionally dependent on 170 the uncertainty in A and the decision D. In the decision node D, the graphical representation 171
indicates that alternative d1 is selected. Computing the probability of b1 and b2 requires several assessments. First, it is necessary 177 to assess the probability of a1 and a2 for factor A. Fig. 1 displays the probabilities: P(A = a1) = 178 0.25 and P(A = a2) = 0.75. Second, the probability of b1 and b2 should be assessed conditionally 179 on factor A and decision D. For example, the probability of b1 given A = a1 and D = d1 is assessed 180 as 0.1 and the probability of b2 given A = a1 and D = d1 equals 0.9. The example in Fig. 1 requires 181 four such conditional assessments because A has two states and D has two alternatives. After these 182 systems [7, 20] probability. For example, the probability of Type I error is conditional on defect density, 239 environmental impact, and human capabilities, as well as on the training and judgment decisions. 240
Since the node defect density does not have any arrows going into it, defect density is not 241 influenced by any other factor in this model. The environmental impact depends on the noise, 242 lighting, and work atmosphere, each of which has its own node. Human capabilities depend on the 243 health and fatigue of the inspectors. The node health and the node fatigue each has arrows into 244 human capabilities, which means the probability of an outcome under human capabilities is 245 probabilistically dependent on health and fatigue. 246
The words inside each of the nodes in Fig. 2 represents the possible outcomes for each 247 factor, and the number indicates the chance for that outcome. For example, the node noise has two 248 outcomes, sufficient and insufficient. The probability of sufficient noise is 87.9%, and the 249 probability of insufficient noise is 12.1%. As will be explained in the following sections, 250 probabilities need to be assessed for each uncertain node. If an uncertain node has an arrow 251 pointing to it, then conditional probabilities must be assessed. 252
After probabilities are assessed for all uncertainties in the influence diagram, the Netica 253 software calculates the probability of a Type I and II error for each alternative in the training and 254 judgment type decision. The output of the influence diagram is the probability of a Type I error 255 and the probability of a Type II error for each combination of decisions: (i) basic training and 256 relative judgment, (ii) raster training and relative judgment, (iii) basic training and absolute 257 judgment, and (iv) raster training and absolute judgment. These probabilities will enable a 258 manufacturer to quantify the impact of training and judgment on Type I and II errors while 259 considering all environmental and human factors also contributing to those errors. study to determine the differences in relative versus absolute judgment in relation to eye-witness 287 accounts. In the relative judgment experiment, participants were asked to compare two individuals 288 and pick which was previously shown in an image. For the absolute judgment experiment, the 289 same participants were shown a single individual and asked if he or she had appeared in the 290 previous image. Accuracy of absolute judgment in the study was found to be 69%, whereas for 291 relative judgment it was found to be 80% as seen in Table 1 Peters et al. [41] evaluated the inspection of castings with and without comparators; data 299 was collected in relation to Type I and II errors. Participants in the study were asked to categorize 300 25 casting surfaces as acceptable or not. For some surfaces, participants were given the comparator 301 to use for references (relative), while others were to recall the criteria from memory (absolute). 302 Table 2 shows the results of this study. 303 304 Training techniques also impact error in visual inspection, and the training node in Fig. 2  307 has two alternatives: basic and raster. In one case study, basic training and raster training were 308 evaluated in casting inspection using absolute judgment [41] . Basic training involves giving the 309 subject a general overview of which defects to look for on a casting; raster training also includes 310 teaching subjects to systematically scan the part in a zig-zag pattern. This study also used eye 311 tracking software to determine the percentage of the casting viewed under these conditions. 312
Overall, the specific technique used to locate defects not only allowed the individual to view a 313 greater percentage of the part, but it decreased the effects of Type I and II errors in the inspection 314 process. The results of this study are found in Table 3 ; however, it is noted Type II error in raster 315 training was about 16% more variable than for basic training. The subjects in this study had no 316 prior experience with inspecting castings, which allowed for an unbiased result in the analyzing 317 the overall effectiveness in training [40] [41] [42] . 318 319 The decisions of training and judgment type, as seen on the right in Fig. 2 , impact both 322 Type I and Type II errors. The influence diagram depicts the judgment and training as decisions, 323 which means that the manufacturer can choose absolute or relative judgment and basic or raster 324
training. As will be described in more detail in Section IV, the probability of Type I / Type II error 325 given judgment type (Table 2) is combined with the Type I / Type II error given training type 326 (Table 3) in order to derive a probability conditioned on each combination of judgment and 327 training. It is also necessary to factor in the environment factors, human factors, and defect density, 328 which are now explained more fully. 329
Inspectors can be influenced by various environmental factors including the physical 332 environment and work atmosphere. These aspects can reduce the inspector's effectiveness in the 333 visual inspection process. The physical work environment includes auditory noise, light level, 334 temperature, and humidity [1] . These can all distract the inspector and even reduce his or her 335 capability to locate defects. For example, the just noticeable difference between the defect and 336 surrounding area will reduce significantly if the lighting is poor, making the defect more difficult 337 to locate. In general, both Type I and II errors increase in suboptimal conditions [43] . Additionally, 338 the temperature and humidity can affect the inspector's cognitive ability. In fact, the ideal humidity 339 of 65% and temperature of 70 degrees Fahrenheit in the presence of a fan can stimulate brain 340 activity and increase alertness of the inspector [41] . 341 The work atmosphere can also affect the inspector's likelihood to locate defects. In some 342 workplaces, workers are rewarded for doing their job well while others are disciplined if quality 343 is subpar. In some corporations, inspectors are required to re-inspect parts, either from a previous 344 inspection or from another inspector. These are referred to as motivational losses. If inspectors 345 receive a part that has already passed inspection once or know a part will be inspected later, they 346 may not look as closely for defects because they feel it is a poor use of time. Both instances will 347 increase the likelihood of Type II errors [43] . 348
As depicted in Fig. 2 , the factors of noise, lighting, and work atmosphere are assigned 349 binary states of sufficient or insufficient in the influence diagram. It is necessary to assess the 350 probability each one of the three factors is insufficient and assess how these three factors influence 351 the overall environmental impact. These probabilities are subjectively estimated based on previous 352 reports and the authors' expertise. Each of the main factors (noise, lighting, and atmosphere) are 353 examined to determine the likelihood that each is in an acceptable or unacceptable state.
The noise element is a major environmental factor in steel foundries. Based on data 355 collected in foundries, the noise level of the processes can range from 70 decibels in areas further 356 from equipment to well above 85 decibels with some as high as 110 decibels. This not only affects 357 the environment in which they currently work, but it can also affect long term health of the 358 individual [44] . As is common with subjective probability assessments, an assumption is made 359 that the noise level in a foundry follows a triangle probability distribution with the minimum, 360 mode, and maximum of the triangle equal to 70, 85, and 110 decibels, respectively. Most foundries 361 require their employees to wear at minimum noise reduction rated (NRR) 25dB hearing protection; 362 therefore, the distribution was shifted to the left nine units to account for this practice (i.e., the 363 minimum, mode, and maximum equal 61, 76, and 101 decibels, respectively). According to the 364 Occupational Safety and Health Administration, exposure to sound levels above 90 decibels for 365 an eight-hour work day can cause hearing damage, so any decibel above this level is classified at 366 an unacceptable state [45] . Therefore, the probability the noise level is insufficient is 12.1% for 367 this model, which is depicted in the noise node in Fig. 2 . 368
Additional lighting at inspection stations is typically installed to increase visibility of the 369 inspector; however, if the light levels become too bright, individuals may experience glare on the 370 surface of the part reducing the ability to effectively inspect the surface. Placement of the casting 371 in the lighting can also play a major role in successfully detecting defects due to shadows that may 372 appear on the surface [2]. Based on a study on casting inspection, the range of lighting seen in 373 inspection stations was from 150 to 15,000 lux with a mean of approximately 675 lux [46] . A beta 374 probability distribution was fit to these parameters to model lighting. Ideally, the acceptable range 375 to avoid glare-out and excessive shadows on the part is from 500 to 900 lux. Light levels outsideof this range are considered insufficient. According to the beta distribution, there is 20% 377 probability lighting will be insufficient. 378
Most foundries typically have more than one inspector for each casting process, whether it 379 be on the same or different shifts. The larger foundries with more inspectors are likely to be more 380 at risk for providing rewards to high performing inspectors or creating unintentional competition 381 among the inspectors increasing the likelihood for error. According to a study in the United States, 382 20% of foundries were considered large businesses, which consisted of 100 or more employees 383
[47]. Since the influence of incentives or competition among inspectors has not been studied in 384 detail, a conservative assumption is made that 50% of the large businesses create an insufficient 385 work environment. Thus, 10% of all foundries have an insufficient work environment as depicted 386
in Fig. 2 . 387
These three factors were chosen based on the estimated impact of each on the inspector. 388
The environmental impact can either be high, moderate, low, or optimal based on the noise, 389 lighting, and work atmosphere. The environmental state is assessed based on the number of 390 insufficient factors as depicted in Table 4 . If none of the factors (noise, lighting, and work 391 atmosphere) are insufficient, the environmental state is optimal, and the probability of Type I and 392 II error remains at the base level. If one factor is insufficient, the environmental impact is low, and 393 the probabilities of Type I and II errors increase by 0.05. If two of three factors are insufficient, 394 the environmental impact is moderate, and the probabilities increase by 0.1. If the all three factors 395 are insufficient, the environmental impact is high, and the probabilities increase by 0.2. Since 396 previous studies of Type I and II errors assumed ideal conditions for all nodes, if all factors are at 397 a sufficient state, there is no change in the probability of Type I and II errors. The increase in 398 probabilities based on the environmental state is incorporated into the influence diagram in Fig. 2 . 
D. Human Capabilities 403
The capabilities of the individual performing the inspection also play a role in his or her 404 ability to detect defects. These capabilities can be either physical, such as vision ability, or 405 perceptual, such as memory ability. 406
As shown in inspectors may take additional time to view each part, errors generally increase [41] . Since no 412 studies exist to our knowledge on the health of inspectors, an assumption is made that 50% of the 413 time fatigue is most acceptable, 40% of the time fatigue is acceptable, and 10% of the time fatigue 414 is least acceptable. 415 The age and health of the inspector can also be a limiting physical capability. This includes 416 vision impairment, such as near or far sightedness, which could reduce the individual's ability to 417 identify defects. This model assumes most inspectors have good health, and 70% of the time healthis most acceptable, 25% of the time health is acceptable, and 5% of the time health is least 419 acceptable, as show in Fig. 2 . 420 The factors of fatigue and health were assigned states in the influence diagram. The were asked to identify all defects on each sample without being told how many defects to expect. 447
If the inspector could not decide whether a specific feature was considered a defect, the test 448 monitor acted as an inspection supervisor and advised them on how to classify the area in question. 449
Results from this study can be found in the Table 6 . The probability for the percentage of defects 450 was determined by sampling actual castings produced in a foundry. 451 452 (Table 3) , or defect density (Table 6) to Type I and II errors does notconsider the other two elements, an average of the three probabilities are used to determine the 460 probability of an error conditioned on the judgment, training, and defect density. For example, if 461 judgment is relative, training is basic, and the defect density is 0.25%, the probability of a Type I 462 manufacturer chooses these alternatives for its training and judgment, the probability of a Type I 476 error is 0.39 and the probability of a Type II error is 0.40. Fig. 3 depicts the probability of Type I 477 and II errors given each alternative for judgment and training type where each of these probabilities 478 are computed via the influence diagram and the conditional probabilities. As seen in Fig. 3 , relative 479 judgment and raster training results in the smallest probability of a Type I error at 0.35, but it 480 increases the probability of a Type II error to 0.44. Absolute judgment and basic training result in 481 the smallest probability of a Type II error at 0.39, but leads to a 0.43 probability of a Type I error. 482 The training has opposite effects on Type I and Type II errors. More robust training and judgment 483 types (raster and relative) decrease the probability of false alarms (Type I error) and increase the 484 probability of misses (Type II error). This result is from the studies [41] [42] as depicted in Tables  485   2 and 3 demonstrate how changing a factor from one state to another state impacts the final outcome. Fig.  506 4 shows the probabilities of Type I and II errors when each factor is moved from its best state to 507 its worst state and the other factors remain constant. The Type I error probabilities are based on 508 raster training and relative judgment, and the Type II error probabilities are based on basic training 509 and absolute training. For example, if defect density is 16%, the probability of a Type I error is 510 0.23. If defect density is 0.25%, the probability of a Type I error is 0.50, as depicted in Fig. 4 . 511
Defect density has the largest impact on the probability of a Type I error. If fewer defects are 512 present, inspectors have fewer defects to identify, which increases their tendency to over inspect 513 parts and cause false alarms. Each of the other five factors only reduce the probability of a Type I 514
error by approximately 0.03 if one of them is at the best state. If fatigue or health is in the worst 515 state, however, the probability of a Type I error increases significantly to more than 0.46 in each 516 case. 517 health is in the worst state, the probability of a Type II error increases to more than 0.5. When 523 inspectors are fatigued or in bad health, their attention is less focused, resulting in a tendency to 524 miss defects. If fatigue is in its best state, the probability of a Type II error decreases to 0.37. 525
Defect density also has large impact on the probability of a Type II error. If defect density is 0.16%, 526 the probability of a Type II error is 0.35. 527
The influence diagram can also be used to ascertain how good and how bad the outcomes 528 can be. If the environmental impact is optimal, the human capabilities is ideal, and defect density 529 is 16%, the probability of a Type I error is 0.18 with relative judgment and raster training. The 530 probability of a Type II error under these same uncertainty conditions is 0.30 with absolute 531 judgment and basic training. By ensuring ideal conditions exist for manual inspection (e.g. 532 sufficient lighting, less noise, healthy and well-rested inspectors), a manufacturer can significantly 533 decrease the probability of a Type I error from the base-case probability of 0.35. The probability 534 of a Type II error can only be decreased from 0.39 to 0.30. However, a key contributing factor to 535 the lower probability of a Type I error is a high defect density, which does not seem desirable for 536 a manufacturer. If the defect density is 1%, the environmental impact is optimal, and the human 537 capabilities ideal, the probability of a Type I error is 0.30 with raster training and relative judgment, 538 which is only slightly less than the base-case probability. 539
However, if the manufacturer ignores the environmental conditions and human capabilities 540 and lets these conditions deteriorate to their worst cases, the probabilities of Type I and II errors 541 increase dramatically. If environmental impact is high, human capabilities is not ideal, and defect 542 density is 0.25%, the probability of a Type I error is the probability of a Type I error is 0.85 with 543 relative judgment and raster training, and the probability of a Type II error is 0.78 with absolute 544 judgment and basic training. Although such an extreme case is very unlikely, it demonstrates how 545 much error would result from visual inspection if conditions are extremely poor. 546
This sensitivity analysis demonstrates what a manufacturer could do to improve its 547 inspection process in addition to choosing the training and judgment type. Each factor that 548 contributes to the environmental impact (noise, lighting, and work atmosphere) has little individual 549 effect on the probabilities of Type I and II errors. The two factors for human capabilities (health 550 and fatigue) have a larger effect on Type I and II errors than the environmental factors. For 551 example, ensuring inspectors are not fatigued decreases the probability of a Type II error. 552
Targeting areas like fatigue and defect density would be ideal if a manufacturer wants to reduce 553 one type of effect; this could include requiring visual exercises to reduce eye strain or increasing 554 awareness of defect density among inspectors. 555
556

C. Other Factors 557
Another factor that can influence the validity of the inspection process is how specifications 558 are interpreted. Factor interpretation was not included in the influence diagram because it is unclear 559 how the interpretation directly impacts the probability of a Type I or II error. Interpretation is an 560 important factor and deserves some discussion. Since various standards can be used to inspect cast 561 metal surfaces and there is no easy way to calibrate inspectors, the results from visual inspection 562 are subjective [1] . As discussed in Section II, inspection standards may consist of methods using 563 images while others use physical comparators. Some standards identify specific types of 564 abnormalities to look during inspection. If a standard does not define an abnormality, there is no 565 way for the customer to specify what is desired. On the other hand, if the customer only specifies 566 criteria for porosity and the part has inclusions, the inspector must determine whether to only 567 inspect for the porosity or consider other abnormalities. This causes confusion for both parties. 568
The interpretation of the standard can contribute to uncertainty and variability in the inspection 569 process. 570
Issues with repeatability (variation for a single inspector) and reproducibility (variation 571 between inspectors) may also arise within a company's inspecting team, which affects the 572 consistency of identifying defects. Visual inspection methods show large variation in measurement 573 error for both repeatability and reproducibility due to inconsistencies for a single inspector between 574 parts and between inspectors on the same part [50]. The average repeatability across six operators 575 from three foundries was 66.83%, while the average reproducibility for operators at the same 576 facilities was 63.33% [51] . Since the consistency of an inspection requires that the inspection is 577 both repeatable and reproducible, consistency can be calculated as the product of the probability 578 of repeatability and reproducibility. 579
The variation in identifying defects will impact Type I and II errors, but it is not known 580 whether it would increase the chances of missing a defect and false alarms. The lack of consistent 581 standards and the lack of repeatability and reproducibility signify that the probabilities of Type I 582 and II errors will vary among inspectors and from one inspection to another inspection. Even if a 583 foundry has optimal environmental impact and ideal human capabilities, if it does not have 584 consistent standards, some inspectors may find many more defects and other inspectors may find 585 far fewer defects. Without a consistent standard, it is difficult to know if the inspectors who are 586 finding more defects are making a lot of Type I errors or if the inspectors who are finding few 587 defects are making a lot of Type II errors. Judgment type and the inspection method will also 588 impact the consistency of evaluation. 589
Qualitative standards for cast metal surfaces rely on an individual's capability to judge if a 590 part is acceptable. Individuals must differentiate between the types of abnormalities present. It can 591 be unclear if a part is acceptable when an unexpected abnormality appears on the final part if the 592 abnormality was not taken into consideration by the customer when specifying the surface. Bayes' theorem but assumes that the probability of judgment type and probability of training type 602 are conditionally independent of each other. The probability of Type I error or Type II error given 603 judgment and training type is calculated: 604
where 606 This model requires ( ), which is the marginal probability of a Type I error or Type 613 II error. Tables 2-4 are used to estimate this probability by averaging the likelihood of a type of 614 error from each table and then averaging the three averages. This method assumes that the two 615 judgment types are equally likely, the two training types are equally likely, and the four defect 616 densities are equally likely. The probability of a Type I error is 0.33 and the probability of a Type 617 II error is 0.35. The conditional probability of judgment given the error type 618 ( | ) equals the probability of the error type given judgment divided by the sum 619 of the probabilities of error type given each judgment as depicted in Table 2 . The conditional 620 probability of training given the error type ( | ) equals the probability of the error 621 type given training divided by the sum of the probabilities of error type given each training as 622 depicted in Table 3 . For example, the probability of absolute judgment given Type I error is 623 calculated as 0.33/(0.33 + 0.22) = 0.6. 624 (Fig. 5) have a greater spread than the probabilities in theinfluence diagram (Fig. 3) . The probability of Type I error ranges from 0.2 to 0.46 and the 629 probability of Type II error ranges from 0.29 to 0.43 in the naïve Bayes model, whereas the 630 probability of Type I error ranges from 0.35 to 0.43 and the probability of Type II error ranges 631 from 0.39 to 0.44 in the influence diagram. The naïve Bayes model has greater ranges because the 632 naïve Bayes model assumes that the four defect densities in Table 5 are equally likely, but the 633 influence diagram assumes that a 1% defect density is much more likely than the other defect 634 densities. The naïve Bayes model and influence diagram exhibit very similar trends because the 635 absolute judgment and basic training result in the largest probability of a Type I error and the 636 smallest probability of a Type II error in both models. Relative judgment and raster training 637 generate the smallest probability of a Type I error and the largest probability of a Type II error in 638 both models. 639 Type I errors appear slightly less frequently than Type II errors. However, each type of error must 661 be examined independently of one another to understand the impact. In the case of a Type I error, 662 acceptable parts are being held at the manufacturer unnecessarily causing an increase in work-in-663 process inventory and adding additional labor for rework and re-inspection. If multiple inspectors 664 arrive at this same conclusion, the parts may even be scrapped. In the case of a Type II error, parts 665 are leaving the manufacturer and arriving at the customer in an unacceptable condition. If thecustomer does not do an in-house inspection before using the parts, they could be assembled into 667 final products and could damage the customer's reputation to the consumer. However, the limitations of this article also point to a strength and usefulness of using 684 influence diagrams to model risk in the visual inspection process. The influence diagram is well 685 suited to integrate subjective assessments with data, which fits well with the knowledge basis of 686 the visual inspection process. The influence diagram is constructed based on the authors' expertise 687 into the inspection process, a handful of prior experiments testing Type I and II errors, and theeach other and are modeled within the influence diagram is based on this expertise, and many 690 assessments of the probabilities are derived from prior experiments. Without a model that can 691 integrate data with subjective assessments, the analysis would either rely on the prior experiments 692 that only measure the influence of a single factor (as in the case of the naïve Bayes model) or be 693 completely qualitative and subjective. The influence diagram developed in this article can combine 694 subjective assessments and data (which are derived from experiments) into a probabilistic model 695 that provides additional insight into misclassification errors in a manual inspection process. 696
Future research could compare the results of the influence diagram modeling approach with 697 more data-intensive approaches, such as naïve Bayes which was used as a comparison in this paper. 698
Although the goal of this article is not to optimize the inspection process, the influence diagram 699 can be used to measure the benefits of improving conditions, instituting a different training 700 regimen, and enforcing a judgment methodology. If the costs of these actions are known, the 701 manufacturer can use the influence diagram to optimize its action based on maximizing the benefit-702 cost ratio. 703 The consistency of identifying defects, however, is extremely variable, which means the 704 estimates for Type I and II errors contain a significant amount of variability. The judgment of these 705 errors are as subjective as the inspection process. Clearer communication of expectations of cast 706 surface specifications is needed between the manufacturer and customer. 707
To improve communication in visual inspection, the manufacturer and customer should 708 convene to discuss their expectations of surface quality in regards to the comparator methods 709 available. Additionally, training procedures should be developed so inspectors are calibrated with 710 one another. A yearly refresher course, at minimum, would be ideal to verify the inspectors remain
